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Fig.1 Technology roadmap of network intrusion

detection based on LSSVM model classification
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Fig.3 The process of improved differential

evolution algorithm
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Time-of-use Price Optimization Model Considering Line Loss

ZHAO Guosheng, ZHAN Tianle, LI Bo

(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract. The current TOU price optimization models failed to consider the significance of reducing line loss.
Through the relationship between line loss and load fluctuation, the targets of the proposed new TOU price op-
timization model, which was based on price elasticity matrix of demand, were to minimize peak-valley differ-
ence and line loss. The optimization model, which was a non-linear multiple objects optimal model, was
solved by ideal point method. It was proved by example that the new TOU price optimization model could avoid
the peak load and reduce the line loss.

Key words: time-of-use price; line loss;price elasticity matrix of demand; multi-objective optimization mod-

el; ideal point method
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Network Intrusion Detection Algorithm Based on Hybrid
Differential Evolution Algorithm

WANG Yaoguang' , Chen Weiquan', WU Zhenbang', QIN yong®, HUANG Han’

(1. Guangdong Dongguan Quality Supervision Testing Center, Dongguan 523000, China; 2. School of Computer Science and Net-
work Security, Dongguan University of Technology, Dongguan 523000, China; 3. School of Software Engineering, South China
University of Technology, Guangzhou 510006, China)

Abstract; Intrusion detection algorithm based on machine learning method is one of research hotspot in the
field of network equipment testing. In the face of the real-world application requirement, machine learning
methods should be further optimized to achieve accurate and stable detection effect. The study optimize steadi-
ly several key parameters of least squares support vector machine (SVM) by designing a hybrid differential e-
volution algorithm with disturbance vector and improved the intrusion detection accuracy and stability of least
squares support vector machine ( SVM) algorithm by means of adaptive parameter tuning. The experimental
results in KDD Cup 09 test set showed that, the proposed network intrusion detection algorithm based on hy-
brid differential evolution algorithm had better performance on average than many similar algorithm at present.
Key words: network intrusion detection; stability test; hybrid differential evolution; least squares support

vector machine



